Distinguishing carefully between mobility across firms and across occupations, this study provides causal estimates of the wage effects of mobility among graduates from apprenticeship in Germany. Our instrumental variables approach exploits variation in regional labor market characteristics. Pure firm changes and occupation-and-job changes after graduation from apprenticeship result in average wage losses, whereas an occupation change within the training firm results in persistent wage gains. For the majority of cases a change of occupation involves a career progression. In contrast, for job switches the wage loss dominates.
Introduction
A large literature has documented sizeable mobility across firms and occupations in the US and Western European labor markets. 1 During the time period of 1979-2006 monthly occupational mobility rates in the US were at about 3.5% of overall employment -even higher than the 3.2% average rate of job mobility across firms (Moscarini and Thomsson, 2007) . For Denmark, Groes et al. (2014) report that the annual occupational mobility rate lies close to 20%. While a large literature emphasizes the loss of firm-specific or occupation-specific human capital (e.g. Kambourov and Manovskii, 2008; Gathmann and Schönberg, 2010; von Wachter and Bender, 2006; von Wachter et al. 2009 ), mobility may very well be associated with career progression or job shopping in labor markets with frictions (Topel and Ward, 1992) , thus resulting in wage gains after mobility (Groes et al. 2014; Fitzenberger and Spitz-Oener 2004; Fitzenberger and Kunze 2005) . Furthermore, mobility across firms and occupations may be an important adjustment mechanism in a dynamic labor market. For instance, the tasked-based approach introduced by Autor et al. (2003) argues that there is a decline in the demand for routine intensive occupations, to which workers may adjust through occupational mobility (Cortes, 2012; Gathmann and Schönberg, 2010) . Most of the literature referred to so far is restricted to an analysis of either job mobility or occupational mobility. 2 Based on high-quality administrative data, our analysis allows to distinguish the wage effects of job mobility and occupational mobility. In Germany, vocational training in an apprenticeship involves a job in the training firm and training in a specific occupation. Our analysis estimates the wage effects of mobility right after graduation from an apprenticeship in Germany.
Graduates from apprenticeship constitute a large share of the German workforce, and the apprenticeship combines practical training at the training firm with part-time school-based training, thus involving both general and occupation-specific skills. 3 Graduates may continue to work as a regular employee in their training firm, possibly in their training occupation or in another occupation. At graduation, there is no employment protection in the training firm. Given the combination of firm-based and school-based training the skills acquired during an apprenticeship are often thought to be largely transferable across jobs, thus allowing for worker mobility after graduation from apprenticeship Winkelmann, 2002, 2004; Clark and Fahr, 2002) . Indeed, retention rates are only about 60-75% of all graduates (Bougheas and Georgellis, 2004; Euwals and Winkelmann, 2004; von Wachter and Bender, 2006) . The high mobility after graduation is a particularly interesting case to analyze. On the one hand, a change across firms involves the loss of the training investment for the training firm (Wolter 1 Among others, see for the US: Topel and Ward (1992) , Neal (1999) , Moscarini and Thomsson (2007) , Manovskii (2008, 2009 ); for France: Lalé (2012) ; for Germany: Fitzenberger and Kunze (2005) , von Bender (2006), von Wachter et al. (2009) , Gathmann and Schönberg (2010) ; for Denmark: Groes et al. (2014) ; and for Germany and the UK: Longhi and Brynin (2010) .
2 Studies which investigate mobility across firms and occupations include Neal (1999) , Kambourov and Manovskii (2008) , Longhi and Brynin (2010) , or Müller and Schweri (2012) . 3 For a detailed description of the German dual system of vocational training see e.g. Hoeckel and Schwartz (2010) . A graduate from apprenticeship obtains a certified degree in one out of 350 training occupations. In 2009 about 60% of German youths aged between 16 and 24 years entered vocational training (Gericke et al., 2011). 1 and Ryan, 2011) and a change of occupation (firm) may imply a loss of the occupation-(firm-) specific human capital acquired through apprenticeship training (Kambourov and Manovskii, 2008; Gathmann and Schönberg, 2010) . On the other hand, firms may use the apprenticeship as a screening device for young workers, and they may only retain those apprentices after graduation who perform well (Euwals and Winkelmann, 2002; Werwatz 2002; von Wachter and Bender, 2006) . Graduates from apprenticeship may search for better job offers as a form of career progression (Topel and Ward, 1992; von Wachter and Bender, 2006; Fitzenberger and Spitz-Oener 2004) , and non-training firms may make attractive job offers to well trained graduates from apprenticeship, i.e. there is an incentive for poaching (Wolter and Ryan, 2011) . A better match for the employee may also involve working in a different occupation within the training firm, an issue which has received little attention in the literature so far.
Several studies analyze the individual labor market effects of mobility after apprenticeshipmainly for Germany and Switzerland. However, the existing studies typically do not distinguish between a pure firm switch without occupation switch and a simultaneous switch of firm and occupation (a complex switch according to Neal, 1999) , and occupational mobility within the training firm is typically ignored. Von Wachter and Bender (2006) estimate a large immediate negative causal wage effect of a switch of firm after graduation. However, the negative effect vanishes five years afterwards. The study emphasizes that OLS estimates of the wage effects after five years are severely downward biased due to the negative selection of the firm switchers. In contrast, a negative wage effect of a firm switch is found by Bougheas and Georgellis (2004) for a six year period after training, and other studies find small positive wage effects of leaving the training firm (Euwals and Winkelmann, 2004; Göggel and Zwick, 2012) . For Switzerland, Schweri (2009, 2012) find no wage differential between stayers and pure firm switchers one year after graduation from apprenticeship. Göggel and Zwick (2012) find a small negative immediate wage effect of a switch in occupation. Bougheas and Georgellis (2004) find a positive wage effect of a switch in occupation without switch of firm relative to stayers during the first six years after training. A simultaneous switch of occupation and firm is associated with wage losses both in Germany (Bougheas and Georgellis, 2004) and in Switzerland (Müller and Schweri, 2012 ).
There exist some further studies considering mobility later during the career among primeaged German workers holding an apprenticeship degree that provide further insights into the topic. Dustmann and Schönberg (2012) estimate the transferability of skills obtained through apprenticeship training for a sample of male workers. The survey data contains information provided by workers on how well they can apply skills obtained through apprenticeship training in their current job. Dustmann and Schönberg (2012) estimate that relative to stayers, pure firm switchers can apply 4.5% less of these skills in their current job. In their current job within-firm occupation switchers can use 8.6% less of their skills obtained through apprenticeship training, while across-firm occupation switchers can use up to 34% less of these skills. These results suggest that occupational mobility is associated with large losses in human capital, especially if a simultaneous firm change occurs. In contrast to this, Clark and Fahr (2002) find that only changes across 1-digit occupations entail wage losses while within 1-digit occupations the skills obtained through apprenticeship training are transferable. Regarding the wage effects of occupational mobility among prime-aged workers, other studies also draw a rather positive picture of occupation changes as they find average wage gains (Werwatz, 2002; Fitzenberger and Spitz-Oener, 2004; Fitzenberger and Kunze, 2005) . Werwatz (2002) finds a 2 negative wage effect of occupational mobility only for the small group of occupation switchers who state that in their current job they can only apply very little or none of the skills obtained through training. Similarly, Gathmann and SchÃűnberg (2010) find that the wage loss implied by a switch in occupation increases with the differences in task inputs between the source occupation and the target occupation.
Our study provides causal estimates of the wage effects of mobility across firms and occupations among graduates from apprenticeship in Germany. Our data consist of about 14.200 male graduates who completed apprenticeship training during the period of 1992-1997. We contribute both to the literature on the economic effects of occupational mobility as well as to the literature on labor mobility among young workers. Apprenticeship graduates are very likely selected into the different types of mobility based on unobservables, which may bias OLS estimates. We therefore employ an instrumental variables approach exploiting variation in regional labor market characteristics to estimate the causal short-term and long-term effects of mobility after apprenticeship on wages. We show that local labor market characteristics, such as the unemployment rate, labor market tightness and mobility behavior of the local workforce, are significantly correlated to the incidence of different types of mobility after graduation from apprenticeship. 4 Our paper also contributes to the discussion as to whether an apprenticeship, as part of the school-to-work transition, prepares well for a successful entry into the labor market. This aspect has been the subject of an intensive debate in several EU countries who are discussing reforms of vocational training in order to reduce the high level of youth unemployment (BMBF, 2012; The Economist; 2013) .
We contribute to the literature on occupational mobility among young workers by carefully distinguishing between two different dimensions of mobility: mobility across firms and mobility across occupations. The literature on job mobility among young workers as well as the literature on occupational mobility typically does not distinguish these two dimensions and occupational mobility within the training firm is typically ignored. 5 Studies on occupational change often only consider across-firm occupation changes as valid, while within-firm occupation changes are perceived as "spurious" and stemming from coding errors (see e.g. Lalé, 2012, and Longhi and Brynin, 2010) . In our analysis, we use high-quality German administra-4 Other studies on the individual labor market effects of mobility after apprenticeship in Germany deal with the endogeneity issue using a selection correction approach (Werwatz, 2002; Bougheas and Georgellis, 2004; Fitzenberger and Spitz-Oener, 2004; Müller and Schweri, 2012 for Switzerland) or they consider only displaced workers (Clark and Fahr, 2002; Bougheas and Georgellis, 2004; Göggel and Zwick, 2012) . Von Wachter and Bender (2006) use differences in firm-specific retention rates as exogenous variation. Neumark (2002) analyzes job mobility among young workers in the U.S. using local unemployment rates as instruments. 5 An exception are Seibert and Kleinert (2009) who provide a descriptive analysis of mobility at the transition from apprenticeship training into the first job for Germany. Dustmann and Schönberg (2012) use mobility groups similar to our definition to estimate the extent of transferability of human capital across firms and/or occupations. Göggel and Zwick (2012) consider changes across employers and changes across occupations after apprenticeship, but it remains unclear whether these two groups are defined truly exclusively. Müller and Schweri (2012) analyze occupational mobility after apprenticeship in Switzerland considering three well-defined groups similar to our definition of stayers, firm switchers and across-firm occupation switchers. 3 tive data. We can therefore distinguish four different mobility groups among apprenticeship graduates: stayers, pure firm switchers, within-firm occupation switchers and across-firm occupation switchers. Furthermore, we account for the heterogeneity of the estimated wage effects with regard to the wage position of the training occupation.
Our IV estimates imply that pure firm changes after graduation from apprenticeship lead to average wage losses of about 3.3-4.2% relative to stayers, although the long-term wage losses are reduced once we control for the training occupation. Regarding occupational mobility, the results differ strongly by whether there is a firm change. On average, job-and-occupation changes imply persistent wage losses of about 3.3-4.0% for a period of 7 years after entry into the first job relative to stayers. An occupation change within the firm results in persistent wage gains of about 12%. Within-firm occupation switchers are negatively selected and the switch allows the employee to move to an occupation which matches the employee's skills in a better way. Allowing for heterogeneous wage effects, we find that firm switchers and across-firm occupation switchers tends to lose less/benefit more with a lower relative wage position of the training occupation. In contrast, the wage gain of within-firm occupation switches increases in the relative wage of the training occupation. We further distinguish whether the employee moves to an occupation with a higher relative wage (upgrading) or to an occupation with a lower relative wage (downgrading). The results suggest that in the majority of cases an occupational switch involves a career progression. In contrast, for job switches the wage loss dominates -and the loss does not grow when there is an occupation switch at the same time.
The remainder of the paper is organized as follows: Section 2 discusses our identification strategy and the estimation approach. Section 3 describes the data used. Section 4 contains the empirical results. We present descriptive results and discuss the performance of the instrumental variables as well as the IV estimation results. Section 5 concludes. 
Empirical Approach

Identication Strategy
We estimate the wage effects of mobility across firms and occupations up to seven years after graduation from apprenticeship. There are four treatments (mobility groups): Stayers, who do not switch neither their job nor their occupation, within-firm occupation switchers, job switchers within occupation, and job-and-occupation switchers (Table AOA.1). A comparison of average wages across the four mobility groups after controlling for observable characteristics would ignore potential selection effects in mobility based on unobservables. On the one hand, Acemoglu and Pischke (1998) and Bender (2006) find that job switchers are a negative selection. During apprenticeship training firms screen the ability of an apprentice and will only retain well-performing apprentices after graduation. By analogy, one would expect a negative selection of occupational switchers. A switch in occupation should be more rewarding for those graduates whose initial match with the training occupation was especially poor (Fitzenberger and Spitz-Oener, 2004; Gathmann and Schönberg 2010) .
At the same time, to the extent that graduates choose to change their employer and/or occupation as a form of career advancement, mobility is more likely to occur if it leads to a wage increase relative to staying in the training firm and/or occupation (Topel and Ward, 1992) . If this is the case, future wage prospects feed back into the mobility decision. This type of positive selection into mobility serves as another potential source of the endogeneity of mobility decisions. Previous work for Germany finds a positive selection of occupation switchers for older workers (Werwatz, 2002; Fitzenberger and Kunze, 2005) .
Von Wachter and Bender (2006) point out that there is sorting into training occupations and training firms. On the one hand, one would expect that training firms with a low retention rate are attracting a worse pool of apprentices. On the other hand, able apprentices may choose a training firm with a low retention rate if the training is particularly useful for their career. Von Wachter and Bender (2006) find that sorting into firms implies a negative selection of job switchers. In contrast, Dustmann and Schönberg (2012) find that including firm fixed effects leaves the regression estimates for the wage effect of mobility among graduates unchanged. Thus, we only account for selection into training occupations by including 2-digit training occupation fixed effects in the wage regressions.
To identify the causal effect of mobility after apprenticeship on wages, we use variation in the local labor market situation in the year of graduation. Our instruments involve both push and pull factors, such as indicators of the tightness of the local labor market and group specific mobility rates. 6 We argue that our instruments provide an exogenous variation in mobility conditional on the sorting of apprentices by 2-digit training occupations, which we account for by including occupation fixed effects.
Our analysis uses data on the graduation cohorts 1992-1997 in West Germany. By the end of 1992 the reunification boom had come to a halt and the West German economy dropped into a deep recession which was accompanied by a worsening of labor market conditions and an increase in the unemployment rate. The recession was followed by a slow recovery until the late 1990's. 7 Thus, in addition to the regional variation, the indicators of the local labor market conditions used as instruments involve sizeable variation over time. Table 1 summarizes the set of instrumental variables used. We use the aggregate local unemployment rate and the ratio of vacancies per registered unemployed to account for the business cycle in general. In addition, the unemployment rate for those below age 25 accounts specifically for the labor market changes for apprentices who are displaced by their training firm. We also include the shares of high-skilled and low-skilled workers to capture the educational background of the local workforce. The set of instruments also includes dummies for the German federal states, which differ in aggregate labor market conditions. Finally, as proxies for further local labor market characteristics that may affect mobility, we use regional mobility rates and exit rates into unemployment for male workers aged 25-35, where we exclude our apprenticeship graduates from the calculation. 8 Similar to von Wachter and Bender (2006), we use the mobility rates of other young workers as a proxy for local labor market characteristics that may affect the mobility of graduates from apprenticeship. 9 The instrumental variables are matched to the sample of graduates from apprenticeship via the administrative district of the training firm and the year of graduation. 10 The way local labor market conditions affect mobility rates may differ across Germany, depending upon the labor market conditions in adjacent administrative districts and mobility patterns between different districts. Therefore, we allow the first stage regressions for the mobility dummies to differ by 26 West German regions.
To justify our identification strategy, our instruments must have a significant impact on mobility, and we need to discuss the necessary conditional exogeneity assumption. Pooled OLS estimations at the national level reveal a statistical significance of the instruments on the mobility dummies, see section 4.3 for details. For the time period under investigation, the exogeneity of the instruments for wages in West Germany (conditional on time effects accounting for the aggregate business cycle) is plausible because wages are basically determined by collective wage bargaining between unions and employer associations at the industry level, and coverage by industry-level wage agreements varies between 70% and 62% of employment (Schnabel, 2005) . Consistent with our line of argument, Mertens (2002) finds that in West Germany wages are rigid at the level of federal states, and that regional labor demand shocks have no significant effect on wages.
Estimation
We estimate the following pooled wage regressions separately for the time period 0-2 years (short term) and the time period 3-7 years (long term) in employment after graduation from apprenticeship:
The exit rates into unemployment, where the unemployment spell lasts at least 92 days, are calculated only for workers who were full-time employees at the end of the previous year. Observations in years with at least one apprenticeship training episode are excluded. 9 The set of instrumental variables further contains dummy variables for a small cell size. Year-administrative district-economic sector cells are small (n < 10 persons) for about 7.4% of all graduates. Furthermore, the distributions of mobility rates show spikes at zero (these results are available upon request), for which we also include dummy variables.with the dummy variables job_sw i , occ_sw i , occ_job_sw i representing the three mobility dummies. In addition, we control for the following set of covariates (X i ): age at the beginning of the first job, diploma from upper track secondary schools (Abitur), non-German citizenship, and citizenship missing. All specifications include a set of dummies for year of graduation (yograd i ). We also add a dummy for each 2-digit training occupation j (occup j,i ) to control for selection into training occupations. Furthermore, all regressions control for the year since start of employment after graduation (yoempl it , t = 0, ..., 7) and the calendar year (year it ). Standard errors are clustered at the person level.
To increase efficiency of the estimator, our instrumental variables (IV) approach takes account of the binary nature of the endogenous variables by estimating a Probit model in the first stage and by adopting GMM estimation in the second stage (Angrist, 2001; Wooldridge, 2010, chapter 21) . Specifically, we adapt Wooldridge's Procedure 21.1 as follows:
1. Estimate a Probit model separately for 26 regions for each mobility dummy controlling for the exogenous covariates X i and the local labor market characteristics IV i and calculate the predicted probabilitiesP i,mobtype :
2. Estimate optimal cluster-robust GMM 11 using the three predicted probabilitiesP i,mobtype from step 1 as excluded instruments for the endogenous mobility dummies.
This two-step procedure allows to use the usual GMM standard errors and test statistics and it is robust against a misspecification in the Probit models (Wooldridge, 2010, chapter 21) .
In a second set of results, we allow the mobility effects to differ by the relative wage position of the training occupation. To obtain the relative wage position, we regress log-wages on age, age 2 , a full set of year dummies, and a full set of occupation dummies (without intercept) for full-time working males below age 30:
where β j is the estimated relative wage position for occupation j. We define tw(occup) i = ∑ j β j · occup j,i as the relative wage position of the training occupation of individual i, and we calculate the average relative wage position within each mobility group, denoted by tw mobtype . The wage regression now includes both the three mobility dummies and three interaction terms with the mobility dummy for mobtype times tw(occup) i − tw mobtype . Adapting Wooldridge (2010, Procedure 21.2), the second-step GMM estimation now uses both the three predicted probabilitiesP i,mobtype and the three interaction termsP i,mobtype · tw(occup) i − tw mobtype as instruments. In addition, the set of instruments includes a third order polynomial of the relative wage position. The normalization of the relative wage position allows us to use the coefficient of the mobility dummy as the estimate of the average wage effect of mobility among the corresponding mobility group (ATT: average effect of treatment for the treated).
Based on the GMM estimates of the model with interaction effects, we calculate the estimated heterogeneous mobility effects at different deciles (q j , with j = 1, ..., 9) of the relative wage of the training occupation as:
where coe f mobtype is the coefficient of the mobility dummy and coe f (tw(occup) i −tw mobtype )·mobtype is the coefficient of the interaction effect. We also calculate the treatment effects at different deciles of the entire sample.
Data
Our analysis is based on the IAB Employment Sample (IABS) regional file 1975-2004, a 2% random sample of all employees paying social security taxes (see Drews, 2008) . The basic data involves employment spells and spells of unemployment benefit receipt. We restrict our sample to full-time working men in West Germany who completed their vocational training sometime during the period of 1992-1997 (Berlin is excluded). For employment spells, we observe daily wages, indicators of full-time and part-time work, the three-digit occupation code (about 130 occupations), and the industry. The dataset records a switch of establishment, but we do not know if two employees work in the same establishment. This prevents us from estimating establishment fixed effects.
An ongoing apprenticeship is recorded as a regular employment spell with the status information apprentice. To identify the completion of the first apprenticeship training, we use the information about when there is change in the reported education to vocational training degree. Because of potential misclassification problems, we implement a series of data cleaning procedures and sampling conditions. A further complication stems from the fact that there can be a time lag between completion of the vocational training degree and the fact being recorded in the education variable in the IABS. Appendix B provides an overview of the data cleaning procedures and detailed further data preparation steps.
We determine mobility after apprenticeship based on changes in the occupational code (occupation switch) and changes in the establishment ids (job switch) between the employment spell recording the apprenticeship and the first job spell after graduation. Figure AOA .1 illustrates the timing of spells in a case with an employment interruption between apprenticeship and first job after graduation.
There is a lot of concern in the literature about measurement error in occupational codes when using survey data which is self-reported by the employee, see e.g. Neal (1999) for the US. In fact, Longhi and Brynin (2010) argue that occupational switches within firms are not well measured in household panel data of the SOEP for Germany and the BHPS for the UK. Our administrative data involve occupational codes reported by the employer, for which measurement error is likely to be very small (similar data are used by Kunze, 2005, and Gathmann and Schönberg, 2010) . It is likely that employers report precisely the occupation of the first regular job of an employee after graduation from apprenticeship. In fact, our data show a sizeable number of occupational switches within firms, which we can analyze in contrast to Longhi and Brynin (2010) .
We construct an unbalanced wage panel for full-time working males with a yearly frequency (Table AOA. 2). Starting with the wage in the year of the first employment spell after graduation, we record the wage up to seven years after the year of the first employment spell. Wages are averaged across all employment spells observed in one year. Since the IABS data only contains information on daily wages, we only take full-time employment spells into account. In case of parallel employment spells, we only use the spell with the highest recorded wage. We drop records with zero wages and jobs where employees work at home (Heimarbeit, typically part-time). Wages are deflated by the consumer price index (2005=100) and measured in Euros. 12 We impute top-coded wages based on a Tobit model, for which we only know that the wage exceeds the social security contribution. Table 2 shows descriptive statistics for the four mobility groups. Our sample consists of about 14.200 male apprenticeship graduates. While the four mobility groups differ in size, the sample shares do not vary a lot over the graduation years 1992 to 1997. 13 The stayers, i.e. those who stay with their training firm and their training occupation, form the largest mobility group. They will also serve as the comparison group in all further econometric analysis. Table 2 shows that, in comparison to stayers and job switchers, occupation switchers less often hold an upper secondary school degree and more often are of foreign citizenship. The average apprenticeship duration as well as the average age at the beginning of the first job after graduation are fairly similar across the four mobility groups. However, regarding the time it takes to start the first job, we observe strong differences between the four mobility groups. Stayers and within-firm occupation switchers quickly start their first job after graduation. In contrast, to start the first job after apprenticeship, it takes about 15 weeks for job switchers and 23 weeks for job-andoccupation switchers.
Empirical Results
Descriptive Results
Figure 1 displays the descriptive wage profiles for the four mobility groups weighted by the individual length of employment spells. All mobility groups show average wages that increase almost linearly with years of employment. However, wage levels differ across mobility groups.
Within-firm occupation switchers earn higher wages than stayers. The two groups of apprenticeship graduates who leave their training firm, job switchers and across-firm occupation switchers do worse than the stayers. Table 3 shows the estimated wage effects of mobility obtained by a Pooled OLS wage regressions controlling for a set of socio-economic covariates. The results reported in columns (1) and (3) imply that on average within-firm occupation switchers earn about 7.5% higher wages than stayers in the short run (up to two years after entry into first job), and about 6.9% higher wages in the long run (years three to seven after entry into first job). In contrast, firm switchers do worse than stayers in terms of wages. Relative to stayers, wage losses for job switchers amount to about 3.5% in the short run and about 3.8% in the long run. Relative wage losses for job-and-occupation switchers are slightly more pronounced with losses of about 4% in the short run and about 4.9% in the long run. A comparison of short-run and long-run results suggests that wage differences are persistent and for both job switchers and job-and-occupation switchers no catching up takes place over a seven-year horizon after entry into the first job. However, as the results in Table 3 show, within each time window on average wages tend to increase over years of employment.
OLS Results
In addition, the specifications in columns (2) and (4) of Table 3 control for the 2-digit training occupation to account for possible sorting of apprentices into training occupation. The wage gains of within-firm occupation switches are stronger, both in the short and long run, compared to the results without controlling for the 2-digit training occupations. This suggests a negative selection regarding the training occupations of within-firm occupation switchers. The relative wage losses of job switchers and job-and-occupation switchers are less pronounced after controlling for the 2-digit training occupation. This suggests that also these two mobility groups are negatively selected with respect to their training occupations. These results are similar to the findings of von Wachter and Bender (2006) regarding the negative selection of firm switchers regarding the training firms.
First Stage of IV Estimation
We exploit exogenous variation in local labor market conditions to instrument the different potentially endogenous mobility dummies. Our identification strategy is based on the assumption that the local labor market situation in the year of graduation is significantly correlated with graduates' propensity to leave the training firm and/or to switch occupation. From the first-step (stage zero) Probit regressions of the mobility decisions on the exogenous covariates and the local labor market conditions described in subsection 2.2, we obtain predicted probabilitiesP that then serve as the excluded instruments in the GMM estimation approach. When checking the validity of the above-mentioned assumption, we thus have to consider both the statistical relationship between the local labor market conditions (our original instruments) and the mobility decisions as well as the relationship between the predicted probabilities (our "constructed" instruments) and the mobility decisions.
As explained in subsection 2.2, in the first step of the IV procedures we also allow for heterogeneity regarding the influence of local labor market conditions on mobility decisions by estimating separate Probit regressions for 26 West German regions. We thus exploit the fact that the broader economic environment of the larger regions may mediate the way in which local labor market conditions (at the administrative district level) influence graduates' mobility decisions.
To summarize the relationship between the local labor market conditions and the mobility decisions, we run an OLS estimation at the national level for each of the three mobility groups. More specifically, we regress the predicted probabilitiesP obtained from the respective 26 initial Probit regressions on the set of exogenous covariates X i and the local labor market conditions while pooling observations from all 26 regions:
The estimation results displayed in Table 4 show a statistically significant correlation between the local labor market conditions and the three different mobility dummies. When testing for joint statistical significance of the local labor market conditions, we obtain large F-statistics with values above 25. Patterns of individual significance and the signs of coefficients of local labor market conditions vary across the three regressions, thus showing that the different kinds of mobility decisions are affected in a different way by the local labor market conditions. The predicted probability of job switches within occupation appears to be driven by push factors. Whenever and wherever the local labor market conditions are worsening (increasing unemployment rates, lower labor market tightness), the predicted probability of firm change increases. 14 The opposite seems to hold for within-firm occupation switches. Here, an improving local labor market situation is correlated with a higher propensity to change occupation within the training firm. For job-and-occupation switches the picture is mixed. The predicted probability of job-and-occupation switches increases with higher overall unemployment, but decreases with higher youth unemployment (< 25 years), and it increases as the ratio of vacancies to unemployed improves. Thus, in the case of job-and-occupation switches both push and pull factors are significant.
As a proxy for further unobserved local labor market conditions that affect mobility, we have also included transition rates that vary at the local as well as the industry level for male workers aged 25-35. Thus, similar to von Wachter and Bender (2006) we use the mobility behavior of other young workers in the local labor market as a proxy for the individual graduate's propensity to change the firm and/or occupation. As Table 4 shows a certain higher overall mobility rate of young workers is always significantly positively correlated with the predicted probability of the respective mobility decision for apprenticeship graduates. Very clearly, within-firm occupation switches are less likely to occur in an environment with a higher exit rate into unemployment, with more job switches, or with more job-and-occupation switches. Regarding the determinants of job switches and job-and-occupation switches, the picture is somewhat mixed. Also, Table 4 implies that each type of mobility is more likely to occur if the local workforce involves a higher share of highly qualified employees and a lower share of employees with low qualifications.
Considering the statistical relationship between the predicted probabilities (our "constructed" instruments) and the mobility decisions, we find strong regional differences (Figures AOA.3-AOA.5). We exploit this variation in the instrumental variables approach and find highly statistically significant F-statistics for the excluded instruments (the "constructed" instruments) in the first stage of the GMM estimator (Table 5 ).
IV Estimates without Heterogeneous Treatment Eects
We cannot assume random assignment into the four mobility groups for our sample of apprenticeship graduates conditional on the control variables considered in the OLS regressions. There is very likely selection into mobility, and from a theoretical perspective, both negative as well as positive selection effects could arise. Since an across-group comparison of average wage levels is likely to results in a biased estimate of the wage effects of mobility, we continue our analysis with estimating the causal effects of mobility after apprenticeship using an instrumental variables approach. Table 6 displays the estimation results of the IV procedure (GMM, Wooldridge Procedure 21.1) discussed in subsection 2.2. On average, wage losses due to job switches amount to about 4.3% (column (2)) in the short run and are largely persistent over time. This suggests that no catching up takes place relative to stayers, a result which differs from the results obtained by von Wachter and Bender (2006) for all job switches. The negative wage effect of a job switch is more pronounced than in the OLS regression (compare Table 3 ). This suggests a positive selection of job switchers into mobility.
The IV estimates also imply a causal wage effect of within-firm occupation switches that is much stronger than in the OLS regression. An occupation switch within the training firm results in an average wage gain of about 14.3% in short run relative to stayers (column (2)). These gains are largely persistent for a period of up to seven years after entry into the first job. A comparison of IV and OLS estimation results suggests a negative selection of within-firm occupation switchers.
Regarding the job-and-occupation switchers, the IV estimation results reveal a negative causal wage effect of leaving both the training firm and the training occupation. However, the effect is only statistically significant in the short run, amounting to an average wage loss of about 3.3% relative to stayers (column (2)). Since the long-run estimate is insignificant, some catching up relative to stayers may be possible in the long run (column (4)). The comparison to OLS results tends to imply a negative selection of job-and-occupation switchers. 15 While the OLS estimation results suggest that all three mobility groups are negatively selected with respect to the 2-digit training occupation, comparison of IV specifications in Table 6 with and without 2-digit training occupation fixed effects shows a different pattern for job switchers. Here, job switchers are revealed to be positively selected into the training occupation. The IV results still indicate that within-firm occupation switchers are negatively selected with respect to the training occupation, while the results are somewhat inconclusive for job-and-occupation switchers.
Overidentication Test and Reducing the Number of Instruments
We use a large number of instruments when constructing the predicted probabilitiesP i,mobtype . This provides the opportunity to investigate the validity of the instruments by means of an overidentification test. 16 However, a standard overidentification test is not applicable for two reasons. First, we implement a GMM estimation approach which is formally based on the predicted probabilities as instruments. Thus, the GMM objective in the second stage can not be used for an overidentification test, simply because formally we have an exactly identified case. Second, even though our estimates are second stage GMM estimates building on the weighting matrix estimated in the first stage, we argue that inference has to take account of clustering at the individual level. This is because the weighting matrix estimated in the first stage and used in the second stage does not account of clustering. Note further that our instruments are assumed to affect the endogenous treatment dummies through the nonlinear function yieldingP i,mobtype .
As a simple approach to implement an overidentification test, we extend the heteroscedasticityrobust test of overidentifying restrictions for the two-stage least squares estimator suggested by Wooldridge (2010, p. 136) to our setting as follows. (i) We first run a panel regression of all instruments on the threeP i,mobtype 's and on the exogenous regressors in the wage equation. Denote the residuals from this auxiliary regression asr 2 .
(ii) Next, we regress the estimated residuals of the wage regression (these residuals are based on the GMM coefficient estimates and the actual treatment dummies plugged into the wage regression) on the residual variation of the instrumentsr 2 . (iii) We use the cluster robust Wald test statistic for the joint significance of all instruments in the regression under (ii). Because we estimate separate probit regressions by 26 regions to estimateP i,mobtype , our instruments are fully interacted with the regions. For this reasons, we implement the overidentification test (i)-(iii) separately by the 26 regions. Furthermore, we weight all regressions by the employment weight for each single wage observations. As a caveat, it should be noted that the auxiliary regressions involve a linear approximation of the possibly nonlinear relationship between the instruments and the error term in the wage regression. 17 Furthermore, we differ from Wooldridge (2010, chapter 6) coefficients only changes in two cases (Table AOA. 3). Thus, we conclude that our results are basically robust to this change. 16 We are grateful to one referee for suggesting to implement an overidentification test for our case.
17 Thus, a misspecification of the probit models for the treatment dummies may also cause a rejection of the overidentification test even though the instruments may still be strictly exogenous.
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by using all instruments in our auxiliary regressions in (i) and (ii), simply becauseP i,mobtype is not a linear function of the instruments and therefore the matrix spanned byr 2 has full rank.
The benchmark specification discussed in table 6 is based on 22 instruments. The overidentification test (see Table AOA .4 in the additional appendix, Panel '0. Original set of 22 IV's') typically does not lead to a rejection at the 1% significance level for a majority of regions, but depending on the case considered there are between 5 and 13 rejections among 26 regions. The rejection rate is considerably higher than the significance level of 1%, and also the joint test for the national level involves a rejection. Thus, strictly speaking, our IV approach does not pass the overidentification test.
To address the problem in more detail, we now reduce sequentially the set of instruments from 22 to 7 instruments, as described in the notes of Table AOA.4. The 7 core instruments involve the general indicators of regional labor market conditions such as the unemployment rate, the unemployment rate below age 25, and labor market tightness at the district level (as well as powers of these variables). The 9 IV's also involve the skill shares among employees. And the 12 IV's involve information on the mobility share regarding unemployment longer than 3 months. For the 12 IV's, we have excluded the information on mobility shares regarding job switches and occupational switches whose effects we are estimating. Thus, one might be most concerned about the validity of these group instruments. When we reduce the number of instruments, the number of rejections of the overidentification test falls dramatically. With 7 instruments there is no rejection any more for the long run with occupation dummies and there are only between one to three rejections for the other case (for all rejections the p-value lies around 0.005, except for one case with 0.0005). We take the model with 7 instruments as basically passing the overidentification test. One could make a similar argument for the model with 9 instruments. Regarding the number of rejections, the model with 12 IV's lies somewhere in between the model with 22 IV's and the model with 9 IV's.
Should we now use the model estimates based on 7 or 9 instruments as our benchmark model? A comparison of the estimated treatment effects in table 7 suggests that the variation of the set of instruments does not change the estimated treatment effects in a considerable way. 18 In particular, there is a striking qualitative similarity of the results (in light of the estimated standard errors) for the estimates with fixed effects for the 2-Digit training occupations). If the validity of the instruments were to be questioned, we would expect that the estimated treatment effects would change strongly. However, that is not the case. We rather think that the rejections suggest a slight misspecification of the probit model used to construct the predicted treatment probabilitiesP i,mobtype . Put differently, we do not have a problem of endogenous instruments but rather the nonlinearity of the relationship between the instruments and the treatment dummy variables may not be fully captured by our probit model. This problem may be aggravated by the fact that our mobility shares are noisy estimates and that we account for the fact that cell sizes are too small.
Because the IV approach suggested by Wooldridge (2010, p. 939 ), which we use in this paper, explicitly allows for a misspecification of the Probit model, we stick to our benchmark estimates with 22 instruments. Furthermore, the subsequent analysis will also be based on the set of 22 instruments.
IV Results with Heterogeneous Treatment Eects
The IV estimations presented so far estimate treatment effects that are homogeneous with respect to the relative wage position of the training occupation. However, differences in the relative wages of training occupations may reflect differences in the amount of occupationspecific capital typically obtained trough training as well differences in the occupation-specific ratio of labor supply and demand. In the following we will thus drop the assumption of homogeneous starting conditions within mobility groups by taking account of the relationship between the relative wage of the training occupation and the wage effects of mobility. The IV procedure (Wooldridge Procedure 21.2) discussed in Subsection 2.2 estimates the ATT, taking account of the effect heterogeneity by the relative wage level of the training occupation.
The main mobility effects shown in Table 8 are calculated as average effects among the corresponding mobility group. Regarding these average causal mobility effects the results do not change much relative to the IV results without heterogeneous treatment effects. For job switchers and within-firm occupation switchers the effects are a bit less pronounced than before. For job-and-occupation switchers the negative long-term wage effect now becomes statistically significant.
Regarding the relevance of the training occupation, Table 8 shows that on average the relative wage of the training occupation tw(occup) i is positively related to current wages both in the short and long run. 19 This means that apprenticeship graduates from training occupations with a higher relative wage also earn higher wages during the first seven years of their labor market careers.
Most importantly, the interaction effects between the relative wage distance and the mobility type reveal interesting results. Job-and-occupation switchers display negative interaction effects. For job switchers, the interaction effect is close to zero in the short run, but becomes negative in the long run. Interestingly, the relationship is reversed for within-firm occupation switchers. Here, we find a positive interaction effect.
To illustrate the meaning of these findings, Figure 2 shows the ATT at deciles of the overall distribution of wages in the training occupation for each of the three treatment groups. 20 For job switchers and job-and-occupation switchers we find that those members of the mobility group who have been trained in a low-wage training occupation suffer relatively less from being mobile (relative to those having been trained in better-paid training occupations). We cannot rule out, that for the most ill-positioned graduates the respective mobility decision may even be neutral relative to stayers in terms of wages. Interestingly, the ATTs for job switchers and job-and-occupation switchers are not statistically different from each other. This suggests that additional to leaving the training firm a change of occupation does not have any further negative wage effects for the apprenticeship graduate. A change of occupation within the training firm is clearly beneficent for the apprenticeship graduates. Those apprenticeship graduates who, regarding their choice of training occupation, are already in a favorable initial position profit most from an occupational switch within the training firm. Even the initially most ill-positioned graduates profit from a within-firm occupation switch relative to stayers.
21
Note that Figure 2 shows very similar patterns both for the short-term and the long-term results. Within-firm occupation switchers persistently perform better than stayers in terms of wages. For job switchers and job-and-occupation switchers the treatment effects appear to be largely persistent over time. However, one has to keep in mind that the average long-term effect of pure firm changes reported above turns insignificant once we control for selection into training occupations, so that for job switchers catching up relative to stayers could be possible.
A comparison of the IV estimation results relative to the corresponding OLS results in Table 9 shows similar selection patterns as discussed above in Section 4.4 for IV estimation without heterogeneous treatment effects. The estimation results indicate a positive selection of job switchers. Within-firm occupation switchers are negatively selected with respect to unobservables. This result holds in particular in light of the differences in the corresponding interaction effects between OLS and IV estimation with heterogeneous treatment effects. However, the IV results imply that there is no significant selection on unobservables for job-and-occupation switchers. A comparison of IV specifications in Table 8 with and without 2-digit training occupation fixed effects again suggests sorting into training occupations for all mobility groups.
Occupational Upgrading and Downgrading
Not only may the effects of occupational mobility depend on the initial occupational position of the apprenticeship graduates, but they may also be related to the direction of the occupational move. We explore this aspect of occupational mobility by distinguishing between upward and downward switches. Based on relative wages, we ordinarily rank all 130 occupations observed in the IABS from lowest paid (1) to highest paid (130). For each apprenticeship graduate we then compare the rank of his training occupation to the rank of his occupation in the first job after graduation and thereby determine whether they performed an upward or downward occupational switch. We find that in both mobility groups a significant proportion of occupational switches is directed towards higher ranked occupations. About 60% of withinfirm occupation changes are upward. Surprisingly, even in the group of job-and-occupation switchers about 48% of all cases are associated with an upward move.
In light of these results, we estimate a modified version of the IV procedure without heterogeneous treatment effects that distinguishes between upward and downward occupation switches. As Table AOA.6 shows, the wage effects of occupational mobility are indeed heterogeneous with respect to the direction of the occupational move. 22 For within-firm occupation switchers we find that even those apprenticeship graduates who move towards a lower ranked occupation on average still realize significant relative wage gains of about 6.6% that largely persist over a seven year period after graduation.
Most importantly, we find that an occupation switch across firms does not necessarily cause a negative wage effect. Those job-and-occupation switchers who move towards a higher ranked occupation do not suffer wage losses on average. In the short run, they even realize significant average wage gains of about 6.7% relative to the stayers. In the long run, upward job-andoccupation switches appear to be at least wage neutral. These effects are strongest when we include fixed effects for the 2-digit training occupation and, thus, only compare job-andoccupation switchers moving away from the same initial 2-digit training occupation.
Conclusions
Distinguishing carefully between mobility across firms and across occupations, this study provides causal estimates of the wage effects of mobility among graduates from apprenticeship in Germany during the first seven years after starting the first regular job after graduation. Our analysis distinguishes between pure firm switchers, within-firm occupation switchers, and across-firm occupation switchers. Mobility across firms and occupations may be associated with a loss of human capital implying a wage loss or with finding a better job match implying a wage gain. Due to the likely presence of selection based on unobservables, OLS estimates are likely to be biased and we employ an instrumental variables approach exploiting variation in regional labor market characteristics. We show that local labor market conditions, such as the unemployment rate, labor market tightness and mobility behavior of the local workforce, are significantly correlated with mobility after graduation from apprenticeship. Our analysis accounts for the heterogeneity of the estimated wage effects with regard to the wage position of the training occupation.
Our IV estimates imply that pure firm changes after graduation from apprenticeship lead to average wage losses of about 3.3-4.2% relative to stayers, although the long-term wage losses are reduced once we control for the training occupation. Job switchers are positively selected into mobility with respect to unobservable characteristics relative to stayers.
Regarding occupational mobility, the results differ strongly by whether there is a firm change. On average, job-and-occupation switches imply persistent wage losses of about 3.3-4.0% for a period of 7 years after entry into the first job relative to stayers. An occupation switch within the training firm results in persistent wage gains of about 12%. Our results indicate that Across-firm occupation switchers basically show no selection on unobservables, while withinfirm occupation switchers are negatively selected. During the training period the employer can observe the apprentice's ability and then decide, whether the employee should switch to an occupation which matches the employee's skills in a better way. This occurs in particular when the initial match with the training occupation was poor.
Allowing for heterogeneous wage effects, we find that job switchers and across-firm occupation switchers tend to lose less/benefit more with a lower relative wage position of the training occupation. In contrast, the wage gain of within-firm occupation switchers increases in the relative wage of the training occupation. Furthermore, we find that the wage effects of occupational mobility differ by the direction of the move. Occupational upgrading across firms, which comprises 48% of all job-and-occupation switches, actually causes an average wage gain of 6.7%.
While our results indicate that pure firm changes after apprenticeship lead to wage losses, our conclusions regarding the wage effects of occupational mobility after apprenticeship are somewhat more positive. Occupational mobility within the training firm can be interpreted as a career progression involving persistent wage gains. The positive wage effects of occupation switches within the firm and occupational upgrading across firms suggest that for the majority of cases a change of occupation involves a career progression. In contrast, for job switches the loss of firm-specific human capital seems to dominate -and the loss does not grow when there is an occupation switch at the same time. At a more general level, our results suggest that the skills acquired through apprenticeship training in a specific occupation are sufficiently general to be useful when working in another occupation. Notes: Standard errors in brackets; * p < 0.10 ; ** p < 0.05 ; *** p < 0.01; Other controls include age at job entrance and dummies for high-school diploma, foreign citizenship, foreign citizenship missing and a constant; Year and year of employment dummies are not required since only one observation per apprenticeship graduate is included. Notes: Standard errors in brackets; * p < 0.10 ; ** p < 0.05 ; *** p < 0.01; Other controls include age at job entrance and dummies for high-school diploma, foreign citizenship, foreign citizenship missing and a constant. Notes: Calculations based on results from 3-step IV estimation controlling for 2-digit training occupations.
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